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carried out systematic modelling and optimization of dual-stage PRO process [11] [12] [13] [14] and hybrid FO/RO/PRO process [15, 16] . PRO also shows promising performance in other hybrid processes. In a novel PRO-MD (membrane distillation) hybrid process, the maximum power densities of 31.0 W/m 2 and 9.3 W/m 2 by the PRO using DI water and real wastewater mixing with 2M NaCl concentrate [17] . In another hybrid multi-stage vacuum MD and PRO process, maximum power density of 9.7 W/m 2 is achieved when river water is used as feed solution [18] . Recently, a preliminary investigation of hybrid photovoltaic (PV) solar and PRO osmotic energy has been proposed and studied. The demonstrated benefiting improvements of both renewable energy generation and water desalination especially push the osmotic power to the market [19] .
Accordingly, based on the significantly improved membrane performance and the increasingly clear understanding of the process characteristics of the scale-up PRO, another key step to push the technology realisation in practical applications is control of input variables of the PRO, such as hydraulic pressure applied on the draw solution, to ensure the optimized performance. In fact, studies focusing on optimal control have been important topics of research in solar, wind, wave, tidal, and other renewable energy generations. But due to the difficulty of deriving the analytical solutions for complex systems, the stable, robust and efficient maximum power point tracking (MPPT) systems represent a challenge for renewable energy designers. MPPT is used to operate the renewable energy generators in a manner to maximize the output power, irrespective of the operational fluctuations and variations. According to the significant development in last decades, several algorithms have been developed in tracking the maximum power point (MPP) for not only solar PV arrays [20] [21] [22] [23] [24] [25] [26] but also for fuel cell power plant [27, 28] . In this context, in order to maximize the performance of PRO in practice, MPPT controller is essential to ensure the design operation and performance of a PRO power plant. However, at the early stage of studying the MPPT in PRO, there is very limited work reported in the literatures. In our previous study, two algorithms for MPPT in a PRO are proposed and investigated, including perturb & observe (P&O) algorithm and incremental mass resistance (IMR) algorithm [29] . It is demonstrated by simulations that both P&O and IMR algorithms can be used to track the MPP of a PRO process at the steady-state operations and the transiting operations due to the operational fluctuations. But the trade-off between the rise time and the oscillation by selecting the step-size of the perturbation pressure or incremental pressure exists in both algorithms. Larger step-size results in fast response as well as larger oscillation, and vice versa.
Therefore, in this study, in order to balance the trade-off relationship between the rise-time and oscillation, two new MPPT controllers, mass feedback control (MFC) and fuzzy logic control (FLC), are developed and compared with P&O and IMR methods. First, the four methods are introduced, in which algorithms of MFC and FLC are described in details. For the MPPT using FLC, genetic algorithm (GA) is used to search for the optimum parameters for the settings of the membership functions. Then, two case studies are carried out to evaluate the two new MPPT controllers and compare the four algorithms. Finally, as guidance for the designers and users to select a MPPT algorithm for a particular PRO application, a table that summaries the major characteristics of the methods is also provided. Fig. 1 shows the characteristic power curve for a scale-up PRO plant. The problem considered by MPPT techniques is to automatically find the applied pressure ( MPP P ) at which a PRO power plant should operate to achieve the MPP ( MPP W ) under the given operational condition. Furthermore, due to the fluctuations of the operations, such as temperature, pressure and flow conditions, the MPP also varies. Therefore, the MPPT controller is required not only to fast reach the MPP at the start-up process but also automatically respond to changes in the process due to operation fluctuations. Moreover, once the MPP is found, a smooth operation with insignificant oscillation needs to be maintained by the MPPT controller. 
Process characteristics of a PRO salinity power plant

MPPT control
The four MPPT control algorithms considered in this study are introduced in this section, including two previously developed methods in [29] , P&O and IMR, and two new methods, MFC and FLC. P&O and IMR are briefly introduced below and details of the two algorithms can be found in [29] .
3.1.
Perturb & observe P&O involves a perturbation in the applied pressure on the draw solution to search for the MPP of the PRO salinity power generator. Incrementing (decrementing) the applied pressure increases (decreases) the power when operating on the left of the MPP and decreases (increases) the power when on the right of the MPP. Therefore, if the measured power is increasing at the sample instant, the subsequent perturbation should be kept the same to reach the MPP and if the measured power is decreasing, the perturbation should be reversed. The P&O based MPPT method is summarised in Table 1 . The P&O process is repeated based on the algorithm until the MPP is reached. Due to the perturbation size, an oscillation is always accompanied. A larger perturbation pressure leads to fast convergence but a larger oscillation as well. In contrast, a smaller perturbation pressure slows down the MPPT. 
Because of the slope of the PRO power curve can be also approximated by the incremental pressure, pressure, flow rate and the flow rate change, which is presented as,
where V presents the volumetric flow rate. With a fixed membrane area, equation (1) can be rewritten as
where / PV and / PV  are defined as the instantaneous mass resistance and the incremental mass resistance, respectively. Mass resistance refers to the difficulty to pass a particular flow rate of the permeation through the membrane in a PRO. The inverse quantity of the resistance is mass conductance, describing the ease with which a current of the permeation passes. Therefore, the MPP can be tracked by either comparing the instantaneous mass resistance ( /V P ) to the incremental mass resistance ( / PV  ) or comparing the instantaneous mass conductance ( / VP ) to the incremental mass conductance ( / VP  ), as shown in equation (3) . In fact, the two comparisons are equivalent in mathematics and mass resistance, namely IMR, is selected in this study to calculate the slope of the PRO power curve. A flowchart of the algorithm is shown in Fig. 2 . On one hand, similar to the P&O algorithm, the incremental pressure determines the convergence of the MPPT. Fast tracking can be achieved with larger increments but accompanying with an oscillation. Therefore, how to select the incremental pressure is a trade-off to balance the convergence and oscillation. On the other hand, control parameter in IMR, IMR  , can be used to decrease or eliminate the oscillation at certain levels without the sacrifice of the convergence. Therefore, compared to P&O algorithm, IMR is more flexible in MPPT. If a particular deviation of the MPP is acceptable, the stability of the MPPT can be significantly improved. 
3.3.
Mass feedback controller With DSP and microcontroller which are capable to handle complex computation, an obvious way of performing MPPT is to compute the slope of PRO power curve ( / dW dP ) and feed it back to the step-pressure at the next sample instant to drive it to zero. The way to compute the slope and feedback is determined by the user. Inspired by the conventional PI control which attempts to minimize the error over time by adjustment of a control variable, a PI-like mass feedback control (MFC) is also proposed in this section. The aim of MFC is to minimize the slope of the PRO power curve over time by adjusting the step-pressure. Therefore, the algorithm below is used for MFC,
where p k , and i k both non-negative, denote the coefficients for the proportional and integral gains, respectively. Unlike IMR algorithm that use only the sign of the slope, MFC effectuates an adaptive gain that the fast convergence achieves, the further the position of the actual operation point is from the MPP. In the proposed MFC, the step-pressure is the sum of two terms: the first term is proportional to the change of the slope and the second term is proportional to the slope.
3.4.
Fuzzy logic control A new MPPT controller for a PRO salinity power plant based on fuzzy logic is proposed in this section. Fuzzy logic control (FLC) is a non-model based control method, which attempts to employ the expert knowledge of the experienced operators to derive the control rules. FLC has the advantages of allowable imprecise inputs, free of accurate mathematical models, and handling nonlinearity. Generally, as depicted in Fig. 3 , a FLC normally consists of four main steps/components: 1) Fuzzification. A fuzzifier is designed to map crisp values of the inputs into fuzzy sets to activate rules; 2) FLC rules. The rules are defined to design the FLC behaviour by using a set of IF-THEN statements of the FLC rules; 3) Inference. Based on the rules, the inference engine maps the input fuzzy sets into output fuzzy sets; 4) Defuzzification. A defuzzifier is applied to map output fuzzy sets into crisp values.
Figure 3 Block diagram of the fuzzy logic control
The rules are the key components to determine the FLC operation, which is expressed as linguistic variables in terms of fuzzy sets. The output is obtained by applying an inference mechanism, which includes [30] : membership functions, connections linking the rules antecedents, implication function and rule aggregation operator. The membership functions are usually piece-wise linear function associated to the FLC linguistic variables, such as triangular or trapezoidal functions. The number and the shape of the membership functions of each fuzzy set as well as fuzzy logic inference mechanism are selected by the operators and thus the performance of the FLC depends on the experiences of the designers. The searching rules formulation in this work is based on the PRO power curve as shown in Fig. 1 . If the last change in the applied pressure causes the power to rise, keep searching in the same direction; otherwise, if the last change causes the power to drop, move to the opposite direction.
The FLC control is achieved based on satisfaction of two criteria relating two input variables, namely slope and change of slope, at a particular sampling instant. Similar to the error and the change of the error in the conventional FLC, the controller drives these two variables to zeros when the steady-state MPP is reached. Therefore, at the sampling instant n , the two variables, slope ( E ) and change of slope (
The slope in the FLC is expressed by an approximation of the slope of the PRO power curve, as shown in equation (5) . And the change of the slope can obtained by equation (6) accordingly. Through the process of fuzzification, these input variables are expressed in terms of linguistic variables which are PB (positive big), PS (positive small), ZE (zero error), NS (negative small), and NB (negative big) using basic fuzzy subset. Fig. 4 illustrates the membership functions associated to the five linguistic variables for two inputs and one output. In the defined membership functions, trapezoidal-shaped membership function is selected for fuzzy sets of NB and PB, and triangularshaped membership function is selected for fuzzy sets of NS, ZE and PS. The parameters of these membership functions are based on the range of values of the numerical variables. The pre-defined rules are important to determine the output step-pressure subject to different operations. The look up table of the rules used in this study is shown in Table 2 , in which the linguistic variables assigned to step-pressure for the different combinations of the slope and the change of the slope are based on the knowledge and experiences of the users. As shown in the table, for example, the operating point is far to the left of the MPP, that the slope is PB, and the change of the slope is ZE, then a relatively large positive perturbation pressure should be added that is perturbation pressure should be PB to reach the MPP. For a FLC based MPPT, despite the operator expertise and knowledge at the level of rule-based inference and the membership functions, the settings of parameters are still very tedious. To improve the performance, one method is trial and error, which needs a large number of tests and simulations. The time to get optimum parameters depends on the experiences of the designers. Another method is to use the optimization method which generates and evaluates a series of tests automatically and search for the optimum parameters. In this study, genetic algorithm (GA) is used to find the optimum parameters [31] . The criterion of the optimization is to minimize the error at a selected operation condition,
where W is the average power output,
MPP W
is the MPP at the selected operation condition, and N is number of selected sample instants in optimization. In the future applications, the reference operation should be the design operation or the standard operation of a particular PRO power plant. In this study, the reference MPP is selected the steady-state MPP found by the MPPT using P&O. Number of sample instants to reach the MPP using P&O and IMR at the start-up process is varied with different perturbation pressure or incremental pressure [29] . The number of sample instants to reach the MPP using P&O is approximately between 5 to 20 in the start-up process using perturbation pressure of 5, 1, 0.5 bar from the initial pressure 1 bar [29] . Therefore, 20 sample instants are considered in the fitness function.
In order to improve the FLC performance, parameters of all the variables are optimized using GA. GA optimization employs the concepts of evolutionary theory, and provide an effective search in a large and complex solution space to obtain the optimum solutions. The algorithm is also known for avoiding local minima than gradient based algorithm. To use GA, parameters to be optimized need to be translated into chromosomes of an individual. Then a population of individuals which represent different possible parameters of variables to the minimization of the fitness function is evolved toward better design of FLC. Therefore, the population of GA optimization consists of a set of individuals, each of which has three chromosomes representing E , 
where j presents the first input variables (i1) E , the second input variable (i2) and maximums are determined by the users [30] . In this study, they are: Therefore, based on equations (8), membership functions of the three variables can be represented by an individual in the population.
Moreover, with the defined individuals and fitness function, the optimization can be carried out. In GA, first an initial population is generated. A set of chromosomes should be randomly chosen to ensure the diversity of the solution candidates at the beginning. Then, GA uses the operations of selection, crossover and mutation to generate next generation. When the maximum value of the fitness functions is achieved with respect to a pre-defined value, the optimization is terminated. Otherwise, the optimization is working from generation to generation. In this study, the GA optimization is achieved using GA optimization toolbox of MATLAB. A population with 100 individuals has been taken to search for the optimum parameters. For the selection, the fitness function is set as equation (7). Selection function is stochastic uniform (selectionstochunif), in which each parent is chosen depending on a section of the line of length proportional to its scaled fitness value. Crossover fraction (CrossoverFraction) is used, which specifies the fraction of the next generation other than elite scheme. In order to make sure the coordinates 1 According to the optimization toolbox, when the problem has linear/bound constraints, the mutation function mutationadaptfeasible is used. The settings of the toolbox are: Crossover fraction of each population 0.7, mutation fraction 0.3, and TolFun (tolerance of function), which is the average change of fitness function between two consecutive iterations and used as the stop criterion, 1×10 -10 .
Evaluation and comparison of MPPT controllers
MPPT of a PRO salinity power generator The aim of employing MPPT is to ensure that at any operational condition, maximum power is extracted from the PRO plant. Four algorithms aim to be evaluated and compared in this section. An illustrated diagram of a general MPPT controller used in the PRO is shown in Fig. 6 . The MPPT evaluates the osmotic power generated by the hydro-turbine (HT) and adjust the applied hydraulic pressure on the draw solution. The pressure transition can be achieved by changing the displacement of the valves or/and using the variable frequency drive to change the speed of the high-pressure pump (HP) [32] . Based on the different algorithms of the MPPT controller, four different MPPT controllers introduced earlier, P&O, IMR, FLC and MFC, are used and studied to search the MPP. Two case studies are used to compare the performance of these MPPT controllers. This work aims to investigate the performance of the different MPPT algorithms by simulations. Therefore, at the early stage, all the algorithms of the MPPT are considered with the available measured pressures and flow rates. And the targeted pressure can be actuated on the draw solution by a fast and stable controller. Current literatures suggested that the transition from one steady state to another steady state for RO process changes in different applications. Bartman et al. altered the flow rate less than ~1 min within a wide range of operation in UCLA experimental RO membrane water desalination system [33] . Sassi et al. reported that pseudo steady-state model of RO can be considered for time-step more than 0.25 h [34] . For PRO, currently there is no reported literature studying the transition between the operations. But due to the inherent similarity to RO desalination plant, the range of the transition time can be estimated. In this study, a general sample instant is used for representing the sensing period [29] . The sample instant is assumed to be larger than the transition time caused by applying the step pressure. 
Case study of MPPT: start-up of a PRO salinity power generator
The parameters used in this section are shown in Table 3 . The performance of the PRO salinity power generator is obtained based on the models and modelling framework developed in our previous work [35] , which are described in Appendix A.1. The simulations in this study are under the following assumptions: i) osmotic pressure is considered to be linearly proportional to the concentration difference based on the modified van't Hoff law [36] . In the salinity range of 0-70 g/kg, the modified linear osmotic pressure approximation is validated and the maximum deviation is 6.8% [36, 37] ; ii) constant hydraulic pressure difference in the membrane channel due to the negligible pressure loss; iii) significant membrane fouling and deformation do not occur; iv) For simplicity, a constant density of the water is used for both draw and feed solutions [38] . The MPPT with the four algorithms are studied in the start-up of a PRO plant. The parameters used in P&O, IMR and MFC are listed in Table 4 . For the FLC based MPPT, the parameters of the membership functions of both the inputs and output are optimized by GA. The optimized membership functions are shown in Fig. 7 . FLC is implemented using MATLAB fuzzy logic toolbox. The results of the power outputs using the four MPPT controllers are shown in Fig. 8 . For all the MPPT controllers, the initial pressure applied on the draw solution is 1 bar and the step-pressure (including both perturbation pressure and incremental pressure) are set to be 1 bar at the first sample instant. According to the results shown in Fig. 8 , obviously the performance of the MPPT is significantly improved using MFC and FLC compared to that using P&O and IMR. These two controllers, FLC and MFC, are faster to reach the MPP during the start-up, and present also a much smoother signal with less fluctuation in the quasi-steady state compared to P&O.
Furthermore, although IMR has better performance than P&O, using the parameter IMR  to control the oscillation may cause the slight decline of the tracked MPP as shown in Fig. 8 . Also, the trade-off between the oscillation and convergence of these two MPPT controllers are determined by the fixed step-pressure which is perturbation pressure in P&O and the incremental pressure in IMR. Actually, this trade-off relationship is improved in both MFC and FLC algorithms by developing strategy of adaptive step-pressure. The adaptive strategy allows the MPPT controller employ a large step-pressure at the beginning of the start-up to achieve the fast convergence and a small step-pressure when the signal is approaching the MPP. As shown in Fig. 8 , the first step-pressure in all the four algorithms is the predefined initial step-pressure (1 bar). Then, based on the measurements after the first test using the predefined fixed steppressure, FLC and MFC adaptively increase their step-pressure which results in the significant increase on the APD of the PRO on the next sample instant. Consequently, the APD is approaching the MPP in very few steps and then the two controllers instantly reduce the steppressure to maintain a smooth power output. 
Case study of MPPT: operational fluctuations of a PRO salinity power generator
Furthermore, another case study of the MPPT controllers is presented at the operations subject to the fluctuations of the PRO plant. In fact, the PRO operation might be affected by many factors, such as temperature and applied pressure. [40] . It also has been reported that the high pressure induced the varied membrane properties [41] . Accordingly, the MPP of PRO is also varied with respect to the changes of the operating conditions. At present, there is no explicit model or theory to address and predict the temperature effect or pressure effect on the performance of PRO plant, which makes it difficult to study the transitions between the possible MPPs considering the varying operating conditions. Because the mechanism of the temperature or pressure effect on the hydrodynamics and membrane parameters and the improvement of the membrane performance are beyond the scope of this study, all the MPPT controllers are studied and tested using the discrete parameters of the solution characteristics, hydrodynamics and membrane properties. In contrast to the operation modelling with constant parameters, the simulation uses different parameters corresponding to different steady state operation conditions with specific temperatures which are changed discretely each MPPT sample time. These tests of the MPPT controllers using the discrete parameters are also capable to verify other fluctuated operations, for instance, membrane deformation due to applied pressure changes. The parameters are from Ref [39] and shown in Table 5 in which ICP factor represents the ICP effect in the support layer. It can be used to estimate the varied structure parameter of the membrane using diffusion coefficient, S ICP D  . It should be noted that the parameters listed in Table 5 are usually case-dependent, which are determined by many factors, such as geometry of the membrane module, membrane properties, concentration, velocity, temperature and etc. Based on the parameters as listed in Table 5 , a series of tests are carried out to compare the four MPPT algorithms. The simulations are performed using a changing temperature profile as shown in Fig. 9 . Generally, the operating temperature changes gradually in practice. For testing the controllers, simulations are carried out considering the operational temperature changes instantly, which is more difficult for MPPT to track the suddenly changed MPP. Specifically, we consider a 175 sample instants time window in which the temperature is varied. At the end of every 25 sample instants, the temperature increases or decreases by o 10 C . The parameters and settings are same to those of the tuned MPPT controllers in the case study of the start-up. According to the simulations, the tuned MFC (tuned parameters listed in Table 3 ) in the case study of start-up does not have very good performance in the studied cases of state transition using parameters as shown in Table 5 The results of MPPT using the modified MFC are shown in Fig. 9 and high performance can be found using the modified MFC with the selected 0 P  and max P  to be 1 and 5 bar, respectively. Moreover, as shown in Fig. 9 , P&O, IMR and FLC successfully tracks the varied MPP due to the changing operational temperature. The results clearly indicate the better performance of FLC than P&O and IMR. On one hand, MPPT using FLC has fast convergence at the start-up of the PRO that it reaches the MPP at the first five sample instants. On the other hand, using FLC high power outputs are tracked and low oscillation is maintained in all seven operations with different temperatures. Moreover, another test of these four algorithms is carried out in the case study of the PRO power plant subject to fluctuating operational concentrations and flow rates, in which both the draw solution and the feed solution are considered. Specifically, we consider a 60 sample instants time window in which the concentrations of draw and feed, and the dimensionless flow rates are changed as shown in Fig. 10 both the concentrations and the flow rates jumped suddenly to another value at particular time instants and make the operation fluctuated in the selected operation window. Tests of these four algorithms are carried out considering all the varied concentrations and dimensionless flow rates. It is important to point out that the selected fluctuated operation window is a case study and the four algorithms can be readily extended to deal with other complex fluctuation profiles. In the simulations, the membrane properties listed in Table 3 are used. According to the fluctuating operations including both the draw and feed concentrations and dimensionless flow rate as shown in Fig. 10 , the four MPPT algorithms are tested and the results are plotted in Fig. 11 . Similarly to the results of MPPT dealing with fluctuated temperature, the four algorithms are capable to detect the changed operations and track the new MPPs. But it is clearly that the MPPT using FLC and modified MFC has better performance than that using P&O and IMR when the operational concentrations and flow rates of the salinities are varied. As shown in Fig. 11 , both fast response to the fluctuations and smoothly tracked MPPs are found using algorithms of FLC and modified MFC. 
Comparisons and discussions of MPPT controllers
A general comparison between the four MPPT algorithms considered and investigated in this study is listed in Table 6 . Although the trade-off relation between the convergence and oscillation restricts the performance of the MPPT using constant step-pressure, namely P&O and IMR, both methods have advantages of low cost, independence of the PRO plant, easy implementation, stable and robust performance. In addition, MFC shows fast convergence of the MPPT at the start-up. It successfully tracks the changed MPPs under condition of the maximum step pressure restriction. Implementation of MFC controllers is relatively cheap but it needs consistent tuning for high performance. FLC algorithm has potential to balance the trade-off relation between the convergence and oscillation, and to deal with the operational fluctuations. The obtained optimized FLC demonstrates the high performance and the robustness. It has not only improved the response time in the start-up and transitional state but also reduced considerably the oscillation in the steady-state. However, the adaptive strategy behind the FLC is achieved by a series of steps and settings. The performance is determined by the experiences and knowledge of the users and designers. Compared to P&O and IMR, a better FLC-MPPT is not easy to design, parameter tuning and implement. 
Conclusion
In this study, two new MPPT controllers used in the PRO power plant are proposed and evaluated, including MFC and FLC. To optimize the performance of the MPPT using FLC algorithm, GA optimization is used to find the optimum parameters for the membership functions of both the input and output variables in FLC. Then, the four MPPT controllers are compared in selected case studies. One is the start-up of the PRO and the other is the fluctuating operated PRO due to the varied temperature and salinities. Finally, based on the comparisons, the major characteristics of these four methods are presented. Therefore, according to the results, some conclusions can be drawn: 1) using MPPT at the start-up of the PRO, compared to P&O and IMR algorithms, both MFC and FLC are capable to adaptively change the step-pressure to balance the trade-off relationship between the rise-time and the steady-state oscillation; 2) optimized FLC and modified MFC algorithm are capable to deal with the operational fluctuations. MPPTs using FLC and modified MFC have the better performance than the MPPTs using P&O and IMR algorithms, meaning faster convergence and lower oscillation during all the tested start-up and steady-state transitions; 3) the comparable table can be served as a useful guide in choosing the right MPPT algorithm for a specific PRO application. In a PRO plant, the membrane power density is the product of the trans-membrane hydraulic pressure and the water permeation flux across the membrane [1] . With the scale increases, the overall performance is evaluated by integrating the water flux and power density over the entire membrane used. The modelling framework of the scale-up PRO can be found in our previous work [35] . For a clear understanding, key equations describing a PRO process are listed in Table A 
